Rationale and Objectives Norepinephrine mediates the adjustment of error-driven learning to match the rate of change of the environment, while phasic dopamine signals prediction errors. We tested the hypothesis that pharmacologic manipulation may modulate this process. Methods We administered a single dose of methylphenidate, a norepinephrine/dopamine reuptake inhibitor, or placebo in double-blind randomized fashion to 20 healthy human males, who then performed a probabilistic learning task. Each subject was tested in two sessions, receiving methylphenidate in one session and placebo in the other, in randomized order. Task performance was quantified by the percentage of trials on which subjects chose the most likely option, while learning rate was measured using a computational model-based parameter as well as with a behavioral analogue of this parameter. Results There was a substance-by-session interaction effect on behavioral learning rate and model-based learning rate, such that subjects receiving methylphenidate exhibited higher learning rates than those receiving placebo in session 1, with no difference observed in session 2, suggesting that subjects retained the increased learning rate across sessions. Higher behavioral learning rate was associated with both higher task performance and with the model-based learning rate. Higher learning rates were advantageous given the high rate of change on the task. Subjects receiving methylphenidate and placebo began the task in session 1 with a similar behavioral learning rate, but those receiving methylphenidate rapidly increased learning rate toward the optimal value, suggesting that methylphenidate accelerated the adaptation of learning rate based on the environment. Conclusions The results suggest that methylphenidate may improve disrupted probabilistic learning in disorders involving noradrenergic or dopaminergic dysfunction.
Introduction
Adaptive behavior relies on the ability to make adjustments in the face of motivationally relevant, unexpected outcomes. This process, known as error-driven learning, is described by the classic Rescorla-Wagner (RW) model (Rescorla and Wagner 1972; Sutton and Barto 1998) . A key parameter for this type of learning, known as the learning rate, is a scaling factor that determines the degree of modification in beliefs (and consequently behavior) after a given prediction error. When the learning rate is high, new data is heavily weighted in forming beliefs about the environment and driving behavior; when it is low, old data is given relatively greater weight. Learning rate helps determine the reactivity or stability of behavior and may have important implications for individual differences and psychopathology.
The optimal learning rate in a given environment specifies the most favorable response after a prediction error. Determining when to alter behavior after an unexpected event and when to stay the course is a ubiquitous dilemma faced by organisms in uncertain environments. Normative models provide a framework for understanding these decisions by decomposing the uncertainty underlying prediction errors into different sources. Expected uncertainty results from known unreliability of predictive signals in the environment, while unexpected uncertainty reflects changes in the environment itself (Yu and Dayan 2005) . After an environmental change, recent data will be more accurate than old data in predicting outcomes, so learning rate should be shifted upward in the presence of higher unexpected uncertainty (i.e., higher probability of change). In this way, an organism should modulate learning rate according to estimates of environmental volatility. Based on a synthesis of physiological, pharmacological, and behavioral data, Yu and Dayan proposed thatunexpected uncertainty issignaled by brain norepinephrine (NE) (2005) .
Evidence has accumulated that humans adjust learning rates according to environmental volatility (Behrens et al. 2007; Nassar et al. 2012; Payzan-LeNestour et al. 2013) . Furthermore, learning rate or unexpected uncertainty is associated with NE signaling measured by pupil diameter (Browning et al. 2015; Nassar et al. 2012; Nassar et al. 2010) and by fMRI imaging of the locus coeruleus (LC), the principal location of NE neurons in the brain (Payzan-LeNestour et al. 2013 ). Environmental volatility is also associated with activity in the dorsal anterior cingulate cortex (dACC) (Behrens et al. 2007) . dACC is one of two major cortical inputs to LC (Aston-Jones and Cohen 2005) and is closely associated with peripheral markers of NE activity (Critchley et al. 2003; Ebitz and Platt 2015) .
Learning rates display individual differences associated with NE activity (Nassar et al. 2012 ) and dACC activity (Behrens et al. 2007 ). Such differences may have important implications for psychopathology, as individuals with high trait anxiety display a blunted ability to adjust learning rate based on volatility, a deficit linked to altered NE responses (Browning et al. 2015) .
Learning rates can be influenced by manipulating NE activity using a task-irrelevant stimulus (Nassar et al. 2012) . This raises the possibility that learning rates could be manipulated by medications targeting NE. To our knowledge, such an effect has not previously been demonstrated. Here, we report the influence on learning rate of methylphenidate (MPH), which inhibits reuptake of dopamine (DA) and NE. MPH increases synaptic NE, which inhibits spontaneous neural activity more than evoked activity and thereby increases the signal-to-noise ratio of neurons (Foote et al. 1983) . MPH and other NE reuptake inhibitors reduce spontaneous activity in LC neurons via NE action at α-adrenergic receptors on LC cells (Bari and Aston-Jones 2013; Devilbiss and Berridge 2006; Foote et al. 1983) . MPH is thereby thought to shift LC activity toward a phasic mode, in which LC cells respond more strongly (and specifically) to salient events (Aston-Jones et al. 2007 ). In addition to its effects on NE, acute MPH increases striatal DA (Volkow et al. 2015) . This could also affect error-driven learning by modulating phasic DA signaling of prediction error. Evidence indicates that the DA precursor L-DOPA increases learning rate in older adults (Chowdhury et al. 2013) , while the DA D 2 agonist pramipexole reduces learning rate (which is attributed to a reduction in phasic DA release) . We hypothesized that MPH would influence learning rates so that true environmental changes were signaled more strongly, i.e., that the learning rate would shift in a more optimal direction.
Materials and methods

Subjects
Twenty healthy adult male volunteers 18 through 40 years of age (mean age 25.9 +/− 6.6 years) were recruited from the community. Inclusion criteria included weight of ≥ 55 kg (120 lbs) and BMI between 18 and 30 kg/m 2 , inclusive. Exclusion criteria included any major medical illness, any history of psychiatric disorder, use of any medications within 14 days with exceptions including acetaminophen and occasional use of sleeping medication (not taken on the evening prior to a visit), and being a current smoker. All participants provided informed written consent. The study was approved by the University of California, San Diego Institutional Review Board.
Experimental design
Subjects performed a probabilistic learning task during two experimental sessions (separated by at least 1 month). At each session, subjects received a single dose of MPH 40 mg or placebo 1 h prior to the task, with peak blood concentration and peak cognitive effects expected to occur 1-2 h after administration (Kimko et al. 1999) . Each subject received MPH in one session and placebo in the other, with the order of sessions randomized in double-blind fashion. The dose of 40 mg was chosen because this dose has previously been shown to be safe and well tolerated and to exert significant subjective and cognitive effects in acute-dosing studies (Korostenskaja et al. 2008; Pauls et al. 2012; Schmid et al. 2014) . In order to measure the subjective effects of MPH, subjects completed visual analog scales (VAS) indicating their level of alertness and attentiveness at baseline (2 h prior to dosing) as well as 1.5 h after dosing.
Experimental task
The probabilistic learning task was a modification of the task used by Yu and Huang (2014) . It consisted of a practice session with 10 trials followed by three blocks with 60 trials each. On each trial, subjects attempted to locate a target stimulus in one of three alternative locations. The target stimulus consisted of a random-dot stimulus (Gold and Shadlen 2000) with a percentage of dots moving in a pre-specified direction; the other two locations contained distractor stimuli with dots moving in the opposite direction. At the beginning of the trial, both targets and distractors were hidden from view, with three black circles indicating the three locations. Within each trial, subjects sequentially chose locations to view (indicated by key presses BR,^BB,^and BJ^) until they located the target stimulus (indicated by pressing the space bar). At the end of each trial, correct target location and points were shown on the screen. Points were calculated based on search time (st), number of switches (sw, 0 if only one patch opened), and final response (c, 1 for correct, − 1 for incorrect):
The practice session consisted of 10 trials with random-dot motion coherence of 50%. Subjects had to reach 75% accuracy to proceed to the main experiment, or the same session had to be repeated. Each experimental session consisted of three blocks of 60 trials per block, with random-dot motion coherence of 30%. In the experimental sessions, the target appeared in the three locations (ABC) with relative frequency 1:3:9. Location configuration (e.g., ABC vs. CBA for 1:3:9) of the target probability changed without being signaled based on N(10,1). That is, every 10 trials on average, there was a change in the target probability in the three locations.
Behavioral analysis
As a measure of task performance, we calculated the percentage of trials on which the subject chose to view the most likely location first for each subject and session. For each subject and session, we then calculated a behavioral analogue of the RW learning rate parameter, measuring change in behavior after an error rather than change in (inferred) expectations. This behavioral learning rate is the percent of trials after an error trial on which subjects switch their first location choice to the location of the previous target.
Model
Two free parameters (η , β) were estimated for each subject using standard Rescorla-Wagner learning (Rescorla and Wagner 1972; Sutton and Barto 1998) , in which η is the learning rate parameter in the value update function, and β is the inverse temperature parameter in the softmax decision function, with large β corresponding to a more deterministic choice favoring the option with the highest value, and lower β corresponding to more random decisions. Values of the stimuli were initialized at 0 at the beginning of each block. R n is 1 for a rewarded choice and 0 for an unrewarded choice.
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Statistical analysis
In order to assess the subjective effects of MPH, we performed 2 × 2 analysis of variance (ANOVA) tests with change from baseline in alertness ratings and change from baseline in attentiveness ratings as dependent variables and substance and session as factors.
Our primary variables of interest were percent of trials choosing most likely location (the performance measure), behavioral learning rate, and RW learning rate η. For each of these, we performed a 2 × 2 ANOVA with substance and session as factors. To assess the between-subject effect of methylphenidate within session 1, we performed t tests for our primary variables of interest comparing subjects receiving methylphenidate and those receiving placebo within session 1. In order to distinguish whether group differences in behavioral learning rate in session 1 were present from the beginning of the task or whether groups may have differentially adjusted behavioral learning rates over time, we calculated average behavioral learning rate across session 1, block 1 using a moving window of 10 trials. A substance-by-time interaction for the behavioral learning rate was tested using a mixed effects model in R with moving window average of learning rate as dependent variable, substance and trial as fixed effects, with random effects including a random intercept term and a random slope term. Including the random slope term improved model fit compared to a model with random intercept only based on Akaike Information Criteria (AIC). To test the significance of the interaction between substance and trial, a null model was constructed without an interaction term and was compared to a full model with an interaction term, and the models were compared using the likelihood ratio test (modeled by a chi-square distribution). In order to test the association between behavioral learning rate and performance, a mixed effects model was created in R with performance as the dependent variable, session and behavioral learning rate as fixed effects, and subject as a random effect. To test the significance of the main effect of behavioral learning rate, a null model was constructed without behavioral learning rate as a fixed effect and was compared to the full model with behavioral learning rate as a fixed effect using the likelihood ratio test (modeled by a chi-square distribution). To test the association between learning rate η and behavioral learning rate and performance across sessions, two mixed effects models were created in R using performance or behavioral learning rate as dependent variables, session and learning rate η as fixed effects, and subject as a random effect. For significance tests of the main effect of learning rate η, null models were created without learning rate η as a fixed effect and were compared to the full models with learning rate η as a fixed effect using the likelihood ratio test (modeled by a chi-square distribution). Significance threshold for all statistical tests was p = 0.05.
Results
One subject who had unusually high spatial bias (i.e., chose the same location on 98% of all trials) was excluded from the data analysis.
To assess the subjective effects of MPH, we performed 2 × 2 ANOVA tests with change from baseline in alertness ratings and change from baseline in attentiveness ratings as dependent variables and substance and session as factors. For both ratings, there was a significant main effect of substance such that increase from baseline was higher with MPH than placebo (alertness: main effect of substance, F 1 = 16.59, p < 0.01; main effect of session, F 1 = 3.29, p = 0.08; interaction between substance and session, F 1 = 0.99, p = 0.33; attentiveness: main effect of substance, F 1 = 4.77, p = 0.04; main effect of session, F 1 = 2.18, p = 0.15; interaction between substance and session, F 1 = 0.05, p = 0.83).
A 2 × 2 ANOVAwith performance as the dependent variable and substance and session as factors found that main effect of substance (F 1 = 0.55, p = 0.46), main effect of session (F 1 = 3.48, p = 0.07), and interaction between substance and session (F 1 = 2.94, p = 0.096) did not meet the threshold for significance (see Fig. 1a) . A t test found that, within session 1, subjects receiving methylphenidate exhibited significantly higher performance than those receiving placebo (t 17 = 2.12, p < 0.05).
A 2 × 2 ANOVA with behavioral learning rate as the dependent variable and substance and session as factors found no significant main effect of substance (F 1 = 0.81, p = 0.38), but did find a significant main effect of session (F 1 = 6.92, p = 0.01) (with overall behavioral learning rates being higher in session 2) and interaction between substance and session (F 1 = 4.74, p = 0.04) (see Fig. 1b ). Based on t tests, subjects receiving MPH had a significantly higher behavioral learning rate than those receiving placebo in session 1 (t 17 = 2.48, p = 0.02), but subjects receiving MPH and placebo were not significantly different in session 2 (t 17 = 0.75, p = 0.46).
Across both sessions, behavioral learning rate was positively associated with performance (X 2 1 = 30.88, p < 0.01) based on a linear mixed effects (LME) model. See Fig. 1c for a plot of behavioral learning rate against performance in session 1. It is important to note that a higher learning rate was advantageous for this task because the environmental volatility was high (i.e., a change point occurred every 10 trials). A high learning rate would not be advantageous in a more stable environment. The high learning rate among subjects receiving MPH therefore could be explained by a general bias toward higher learning rate or a rapid adaptation of the learning rate toward the optimal rate for a given environment (which is high in this experiment). In order to distinguish these possibilities, we plotted behavioral learning rate across session 1, block 1 using a moving window of 10 trials (Fig. 1d) . Subjects receiving MPH and placebo began block 1 with similar behavioral learning rates, but subjects receiving MPH rapidly increased behavioral learning rates from trials 1-10 to trials 11-20 (group-by-time interaction, X 2 1 = 3.95, p < 0.05) based on a LME model.
We estimated a standard RW learning model with two free parameters per subject, per block (learning rate η and inverse temperature parameter β). Model accuracy in predicting individual decisions was high (0.76). A 2 × 2 ANOVA with learning rate η as dependent variable and substance and session as factors found that main effect of substance (F 1 = 0.84, p = 0.37) and main effect of session (F 1 = 3.28, p = 0.08) did not meet threshold for significance, but that there was a significant interaction between substance and session (F 1 = 5.27, p = 0.03) (see Fig. 2a ). Based on t tests, subjects receiving MPH had a significantly higher learning rate η than those receiving placebo in session 1 (t 17 = 2.13, p < 0.05), but subjects receiving MPH and placebo were not significantly different in session 2 (t 17 = 1.02, p = 0.32). Across both sessions, learning rate η was positively associated with both behavioral learning rate (X 2 1 = 17.33, p < 0.01) and performance (X 2 1 = 14.19, p < 0.01) based on LME models (Fig. 2b) .
Discussion
In this study, we showed that a single dose of MPH increased a behavioral measure of error-driven learning, although this effect disappeared when subjects were retested in a later session. Higher behavioral learning rate was strongly associated with higher performance on the task. It is important to note that a higher learning rate was adaptive on this task because of the high environmental volatility (with a change point every 10 trials on average). In a more stable environment, a lower learning rate would be more advantageous. This raises the question of whether MPH merely biases the learning rate upward, or whether it accelerates adaptation of learning rate toward a more optimal level for a given environment. Our data show that subjects receiving MPH began the task in session 1 with a learning rate similar to that of subjects receiving placebo. However, the subjects receiving MPH then rapidly increased learning rate toward a higher and more optimal level. This suggests that MPH does not simply bias learning rate upward, but actually accelerates the adaptation of learning rate toward a more optimal level. Future work can test this more directly by including blocks with less frequent change points, on which lower learning rates would be optimal. Our prediction would be that subjects receiving MPH would exhibit lower learning rates on these blocks.
While behavioral learning rate was strongly associated with performance, the performance measure failed to reach the threshold of significance in 2 × 2 ANOVA with substance and session as factors. Behavioral learning rate is likely a less noisy measure than performance, because behavioral learning rate depends only on subject choices, while performance additionally depends on the randomly determined stimulus locations. Higher learning rates were advantageous on this task, implying that methylphenidate resulted in more optimal choices in session 1. Additionally, a t test performed to assess the between subject effect of methylphenidate within session 1 did find that methylphenidate was associated with a significant improvement in performance in session 1.
We calculated two different learning rates for each subject. One learning rate was calculated by fitting the RW model, while the other was a behavioral operationalization of the RW learning rate. Our behavioral learning rate is highly similar conceptually to the behavioral learning rate calculated by Nassar et al. (2010) , except that our decision task is categorical while the previous task was continuous. In our study, the RW Fig. 1 Behavioral effects of a single dose of methylphenidate (MPH) on error-driven probabilistic learning. a Effect of MPH on performance. 2 × 2 ANOVA with performance as dependent variable and substance and session as factors did not meet threshold for significance (main effect of substance, F 1 = 0.55, p = 0.46; main effect of session, F 1 = 3.48, p = 0.07; interaction between substance and session, F 1 = 2.94, p = 0.10). Based on a t test to examine the between-subject effect within session 1, subjects receiving methylphenidate exhibited higher performance than those receiving placebo in session 1 (t 17 = 2.12, p < 0.05). Error bars represent standard error of the mean. b Behavioral learning rate is a behavioral analogue of the Rescorla-Wagner (RW) learning rate parameter that measures change in behavior after an error rather than change in (inferred) expectations. 2 × 2 ANOVA with behavioral learning rate as dependent variable and substance and session as factors revealed a significant interaction between substance and session (main effect of substance F 1 = 0.81, p = 0.38; main effect of session, F 1 = 6.92, p = 0.01; interaction between substance and session, F 1 = 4.74, p = 0.04). Based on t tests, subjects receiving MPH had a significantly higher behavioral learning rate than those receiving placebo in session 1 (t 17 = 2.48, p = 0.02), but subjects receiving MPH and placebo were not significantly different in session 2 (t 17 = 0.75, p = 0.46). Error bars represent standard error of the mean. c Behavioral learning rate was positively associated with performance (X 2 1 = 30.88, p < 0.01) based on a linear mixed effects (LME) model. A high rate of error-driven learning was advantageous for this task due to the high rate of environmental change. d Behavioral learning rate across block 1, session 1 using a moving window of 10 trials. Shaded regions show standard error of the mean. Subjects receiving MPH began with a similar behavioral learning rate to those receiving placebo, but rapidly increased behavioral learning rate from trials 1-10 to trials 11-20 (group-by-time interaction, p < 0.05). This suggests that MPH accelerates adaptation of learning rate toward the environmental optimum learning rate η and the behavioral learning rate were positively associated, as expected. Like behavioral learning rate, the RW learning rate exhibited a significant interaction between substance and session in 2 × 2 ANOVA, such that subjects receiving methylphenidate exhibited a higher learning rate than those receiving placebo in session 1, but subjects receiving methylphenidate and placebo were not significantly different in session 2.
It is possible that a more complex model could have shown a greater difference between MPH and placebo. Other applications of models similar to RW have added additional parameters. For example, RW has been modified to include a Bmemory^parameter that scales the influence of the previous value estimate (just as the learning rate scales the influence of the prediction error) (Dombrovski et al. 2010) , to include separate learning rates for rewards and positive and negative prediction errors (Cazé and van der Meer 2013) , and to include a reward sensitivity parameter . While not all of these approaches are compatible with our task, it is possible that a similar extension of RW could increase the utility of the model in clarifying the influence of MPH on error-driven learning. Another extension of the RW model is the modelbased reinforcement learning (RL) approach. According to this approach, individuals construct an internal, explicit model of the environment to guide choices rather than merely tracking the expected reward associated with each action (Dayan and Niv 2008) . A different methodology that also posits that an individual explicitly models the environment is Bayesian learning modeling, in which individuals are assumed to incorporate new evidence with prior beliefs according to fundamental rules of probability. Examples of this approach include the Hierarchical Gaussian Filter (Iglesias et al. 2013; Mathys et al. 2014 ) and the Dynamic Belief Model (Yu and Huang 2014) . Future research can incorporate more complex modeling approaches to further examine the effect of methylphenidate on probabilistic learning.
The difference in behavioral learning rate and RW learning rate between MPH and placebo disappeared in the second session of our crossover design. There was a significant substance-by-session interaction, suggesting that subjects retained the increased learning rate between sessions. This effect was unexpected, and our study was designed and powered based on the expectation that there would be no main effects of session or interactions between substance and session. While our performance measure did not reach significance in a 2 × 2 ANOVA test, we cannot rule out an effect of methylphenidate on this measure, especially considering that a t test revealed a between-subject effect of methylphenidate on performance within session 1. The possibility that subjects may learn and retain high-level aspects of experimental tasks is an important consideration when using within-subject designs in other computational studies, as well as for possible clinical applications in which repeat measures within subjects may be crucial.
As noted above, the influence of methylphenidate on both NE and DA could account for effects on learning rates (NE Fig. 2 The influence of MPH on error-driven learning as characterized by the Rescorla-Wagner (RW) model. a 2 × 2 ANOVA with learning rate η as dependent variable and substance and session as factors revealed a significant interaction between subject and session (main effect of substance, F 1 = 0.84, p = 0.37; main effect of session F 1 = 3.28, p = 0.08; interaction between substance and session F 1 = 5.27, p = 0.03). Based on t tests, subjects receiving MPH had a significantly higher learning rate η than those receiving placebo in session 1 (t 17 = 2.13, p < 0.05), but subjects receiving MPH and placebo were not significantly different in session 2 (t 17 = 1.02, p = 0.32). Error bars represent standard error of the mean. b Across both sessions, η was positively associated with both behavioral learning rate (X 2 1 = 17.33, p < 0.01) and performance (X 2 1 = 14.19, p < 0.01) based on linear mixed effects (LME) models. A high learning rate was advantageous for this task due to the high rate of environmental change. Plot shows data points from both session 1 and session 2 through tracking of environmental volatility and DA through altered signaling of prediction errors). Importantly, subjects receiving MPH in session 1 began the task with similar behavioral learning rates as those receiving placebo, but then increased learning rates toward the optimal level given the high volatility. This argues for an influence of MPH on volatility tracking via NE, as exaggerated prediction errors mediated by DA would be expected to result in a higher learning rate from the beginning of the task. However, further research is needed to more clearly resolve this issue, using a task with both stable and volatile conditions or using agents such as atomoxetine, a selective NE reuptake inhibitor (Michelson et al. 2003) . Future research would also be necessary to better disentangle the effects of NE and DA reuptake inhibition in cortical vs. subcortical areas.
This study highlights the potential utility of computational approaches in elucidating the cognitive effects of medications such as MPH. A meta-analysis of single-dose studies of MPH concluded that MPH had significant positive effects on working memory and speed of processing, while effects on verbal learning and memory, attention and vigilance, and reasoning and problem solving were less consistent (Linssen et al. 2014) . Understanding of the discrepant effects of MPH on different cognitive domains can be expanded and refined using computational approaches in which the role of neurotransmitter systems in task performance is modeled explicitly. In this study, we examined the possible influence of manipulation of NE and DA on error-driven, probabilistic learning. Our approach yields insights into aspects of learning which differ from verbal learning and memory (e.g., word list learning or story recall) or visual memory, yet which may have substantial effects on decision making in uncertain, real-world environments.
The pharmacologic manipulation of error-driven learning may have important potential clinical applications. Recent evidence indicates that individuals with high trait anxiety have difficulty adjusting learning rate depending on environmental volatility (Browning et al. 2015) . This difficulty was associated with a lack of modulation of pupil diameter based on environmental volatility, suggesting that it results from underlying LC dysfunction. This finding is consistent with previous evidence that LC, as a central component of the Bstress circuitry,^plays an important role in the pathophysiology of anxiety (Itoi and Sugimoto 2010; Sullivan et al. 1999; Tanaka et al. 2000) . The cortical region dACC, which is one of two major cortical inputs to LC (Aston-Jones and Cohen 2005), is also associated with the rate of error-driven learning (Behrens et al. 2007 ). This region is implicated in fear expression (Milad et al. 2007 ), autonomic arousal (Critchley et al. 2003) , and anxiety (Etkin et al. 2011) . This evidence suggests that the rate of error-driven learning is regulated by a reciprocally connected dACC-LC circuit, which itself may be dysfunctional in anxiety disorders and lead to an impaired ability to adjust error-driven learning to the environment. MPH may have the potential to correct this deficit by accelerating the adaptation of error-driven learning to environmental volatility. Supporting this, a recent multicenter randomized controlled trial found that treatment with MPH was associated with a remarkably robust reduction in symptoms of posttraumatic stress disorder (PTSD) (McAllister et al. 2015) . Future research can incorporate functional neuroimaging along with the computational approach described here in order to assess the influence of MPH on the dACC-LC circuit both in normal individuals and individuals with anxiety disorders. The combination of neuroimaging and computational modeling of error-driven learning may also be applicable to other disorders involving NE or DA dysfunction.
Our findings demonstrate the utility of a computational approach to probe the behavioral manifestations of a pharmacologic perturbation of a neural circuit. The ability to measure pharmacologic influences on error-driven learning could have important clinical implications for anxiety disorders and other disorders involving noradrenergic or dopaminergic dysfunction. More broadly, computational models of neuromodulator function could be used to develop noninvasive, specific behavioral probes of drug actions in other disorders. Such a computational psychopharmacology approach holds promise as a key tool in future rational drug development for psychiatric conditions and an important application of the emerging field of computational psychiatry.
